Urban agglomerations in emerging countries in the Global South are experiencing rapid changes in their urban extent and morphology, due to the growth of population, rural-urban migration, and rising incomes. Access to updated information on the qualitative and quantitative status of settlements is relevant, in order to monitor and inform the housing sector, spatial and infrastructure planning, municipal revenue collection and budgeting, and the supply of social services. Very high-resolution (VHR) multispectral satellite images are one important, cost effective source of regular, updated, data on urban land use and built-up areas [1] . The authors acquired a Pléiades satellite image from August 2015 for the central part of the capital city of Rwanda, Kigali. Object-based image analysis (OBIA) and expert-based post-classification were then applied to derive building footprints and building heights and to assign every building to one of nine building archetypes. In a second step, building footprint data from aerial images of the same area in 2008-2009 were analyzed, to identify the change of the building stock in the respective period. In total, 165,625 built entities were detected for 2008-2009 and 211,458 for 2015; this entails a 27.7% increase in the number of buildings. The Government of Rwanda
Summary
Urban agglomerations in emerging countries in the Global South are experiencing rapid changes in their urban extent and morphology, due to the growth of population, rural-urban migration, and rising incomes. Access to updated information on the qualitative and quantitative status of settlements is relevant, in order to monitor and inform the housing sector, spatial and infrastructure planning, municipal revenue collection and budgeting, and the supply of social services. Very high-resolution (VHR) multispectral satellite images are one important, cost effective source of regular, updated, data on urban land use and built-up areas [1] . The authors acquired a Pléiades satellite image from August 2015 for the central part of the capital city of Rwanda, Kigali. Object-based image analysis (OBIA) and expert-based post-classification were then applied to derive building footprints and building heights and to assign every building to one of nine building archetypes. In a second step, building footprint data from aerial images of the same area in 2008-2009 were analyzed, to identify the change of the building stock in the respective period. In total, 165,625 built entities were detected for 2008-2009 and 211,458 for 2015; this entails a 27.7% increase in the number of buildings. The Government of Rwanda has expressed an interest in cost-effectively monitoring and managing the building supply in Kigali. Information from the geospatial dataset can be of use for various research and policy objectives in spatial planning, infrastructure planning, property valuation-which can help in municipal revenue collection and administration-and economic geography more broadly. Further analysis of the proposed dataset might also provide insights that can be transferred to cities with similar geographic and demographic settings. We anticipate that these data will have many other uses to improve our ability to understand dynamics of urban growth. In addition, the datasets can be valuable for the training and testing of image analysis and computer vision methods. The dataset presented is a revised version of a dataset that was used for a published report on the housing supply in Kigali [2] .
Methods
A semi-automatic methodology was applied to a Pleaides satellite image of 2015 to derive building footprints and building archetypes. OBIA was used to delineate building geometries and to provide an initial classification of buildings into typologies. An elaborate post-processing and revision process was then applied. The 2015 dataset and aerial images of 2008-2009 were used to detect the change of the building stock for the respective period.
Study Area
Kigali is the capital city of Rwanda; it had a population of 1,132,686 in 2012 according to the most recent Census [3] , but this population is growing rapidly. Hills and valleys characterize the topography of the city [4] and its morphology is heterogeneous. A new master plan for Kigali was released in 2013 and is currently being updated [5] . Building activities in the wetlands are restricted. The central business district (CBD) is located on an elevated plateau in the Nyarugenge sector ( Figure 1 , focus area). Unplanned settlements lie adjacent on slopes in the north, west and south; there are villas immediately to the east, followed by an old industrial area in the wetlands. New middle-income and high-income residential areas are emerging throughout the city. Unplanned settlements become more prevalent further from the CBD and sprawl into the rural areas of the city. monitoring and managing the building supply in Kigali. Information from the geospatial dataset can be of use for various research and policy objectives in spatial planning, infrastructure planning, property valuation-which can help in municipal revenue collection and administration-and economic geography more broadly. Further analysis of the proposed dataset might also provide insights that can be transferred to cities with similar geographic and demographic settings. We anticipate that these data will have many other uses to improve our ability to understand dynamics of urban growth. In addition, the datasets can be valuable for the training and testing of image analysis and computer vision methods. The dataset presented is a revised version of a dataset that was used for a published report on the housing supply in Kigali [2] .
Methods
Study Area
Kigali is the capital city of Rwanda; it had a population of 1,132,686 in 2012 according to the most recent Census [3] , but this population is growing rapidly. Hills and valleys characterize the topography of the city [4] and its morphology is heterogeneous. A new master plan for Kigali was released in 2013 and is currently being updated [5] . Building activities in the wetlands are restricted. The central business district (CBD) is located on an elevated plateau in the Nyarugenge sector ( Figure 1 , focus area). Unplanned settlements lie adjacent on slopes in the north, west and south; there are villas immediately to the east, followed by an old industrial area in the wetlands. New middle-income and high-income residential areas are emerging throughout the city. Unplanned settlements become more prevalent further from the CBD and sprawl into the rural areas of the city. 
Remote Sensing Data

A Pléiades tri-stereoscopic satellite image (2015-08-09) was acquired for the densely built-up part of the city of Kigali (Figure 1 ). The two satellites of the Pléiades mission (1A and 1B) were launched in 2011 and 2012. The satellite constellation provides images with a spatial resolution of 70 cm for the panchromatic channel and 2.8 m for the 4 multispectral channels. The physical resolution is resampled to a spatial resolution of 50 cm and 2 m respectively [6] . For further processing, the multispectral information was pansharpened to the resolution of the panchromatic channel [7] . The Pleiades image was orthorectified using a digital surface model that was derived of the tri-stereoscopic image acquisition (see Section 2.7). The 2008-2009 dataset is the product of the last aerial photography mission that was conducted in 2008 and 2009 and which resulted in orthoimages covering Rwanda [8] . The spatial resolution of the images is 25 cm. Only visual spectral bands (blue, green, and red) were taken, and the radiometric information of the images was adjusted with unknown parameters. This limits the possibilities of an automatic analysis of the 2008-2009 data.
Reference Data
To contribute to the image classification and the building extraction, as well as the validation of the results, reference information was collected for 889 buildings in three field surveys between 2014 and 2015. These reference data include information on the respective GPS position, reference pictures, building type, roof material, and roof type, as well as the building height for 837 of the reference buildings. Subsequent to the data collection, the measured GPS positions were assigned to the respective reference buildings identified in the remote sensing images by the surveyors, in order to correct for GPS measurement variances.
Building Typology
Based on an analysis of the reference data collected and discussions with local stakeholders, a series of building archetypes were defined that can be identified from remote sensing images (Table 1 , see detailed description in Supplementary Materials File1). They are based on the morphological characteristics of a building, not its functional usage. The minimum area of a building in the final dataset is 5 m 2 . Class-dependent thresholds are defined in Table 1 . The short names defined in Table 1 are used to refer to the respective building class in this document. OBIA was chosen to classify land use and land cover (LULC) from the Pléiades image. With OBIA, a remote sensing image is subdivided into image segments consisting of neighboring pixels [9] . A multi-resolution segmentation approach was applied for the delineation of image objects [10, 11] . In this bottom-up approach, region merging is applied starting from pixel level. The segmentation process was enhanced by an edge layer, derived with the Canny edge operator [12, 13] . The resulting image segments were classified with a rule-based approach. The parameters used for the ruleset were the spectral information of the Pleiades image, the three first principle components and the Normalized Differenced Vegetation Index (NDVI). A thematic road layer (revised OpenStreetMap layer [14] ) was used to delineate traffic infrastructure from building objects. Of the resulting LULC classification, only the class representing built-up objects was considered for further processing. Based on the building class thresholds (Table 1 ) and the segment properties, a preliminary classification of the building footprints was conducted.
Geospatial Processing, Modelling, Expert Based Revision, and Manual Editing
A multi-step post-processing of the rule-based OBIA was necessary in order to overcome some of the limitations of the dataset. In the intermediate dataset, large patches detected as a single building often in fact represented multiple adjacent buildings in densely built-up areas. The official cadastral dataset of Kigali from August 2014, which was provided by the City of Kigali, was used to split these large objects at the borders of plots.
However, for many plots, several adjacent "Basic" buildings remain, resulting in an underestimation of the number of "Basic" buildings. To give a better estimation of the total number of basic buildings, 1162 "Basic" buildings were digitized manually and assessed using various descriptive statistics. The median ground floor area is 75.2 m 2 . After a visual inspection of the results, as well as taking into account the statistics, the authors decided to split areas as soon as the doubled median size is reached (150.4 m 2 ) and for "Basic" buildings above this size, to add a further split every 75.2 m 2 using a look-up table (LUT, Table 2 ). Therefore, basic buildings with the respective attribute "Model = 1" (see Table 7 ), do not represent the real-world delineations to adjacent buildings. OBIA was chosen to classify land use and land cover (LULC) from the Pléiades image. With OBIA, a remote sensing image is subdivided into image segments consisting of neighboring pixels [9] . A multi-resolution segmentation approach was applied for the delineation of image objects [10, 11] . In this bottom-up approach, region merging is applied starting from pixel level. The segmentation process was enhanced by an edge layer, derived with the Canny edge operator [12, 13] . The resulting image segments were classified with a rule-based approach. The parameters used for the ruleset were the spectral information of the Pleiades image, the three first principle components and the Normalized Differenced Vegetation Index (NDVI). A thematic road layer (revised OpenStreetMap layer [14] ) was used to delineate traffic infrastructure from building objects. Of the resulting LULC classification, only the class representing built-up objects was considered for further processing. Based on the building class thresholds (Table 1 ) and the segment properties, a preliminary classification of the building footprints was conducted.
However, for many plots, several adjacent "Basic" buildings remain, resulting in an underestimation of the number of "Basic" buildings. To give a better estimation of the total number of basic buildings, 1,162 "Basic" buildings were digitized manually and assessed using various descriptive statistics. The median ground floor area is 75.2 m². After a visual inspection of the results, as well as taking into account the statistics, the authors decided to split areas as soon as the doubled median size is reached (150.4 m²) and for "Basic" buildings above this size, to add a further split every 75.2 m² using a look-up table (LUT, Table 2 ). Therefore, basic buildings with the respective attribute "Model = 1" (see Table 7 ), do not represent the real-world delineations to adjacent buildings. The building outlines detected with OBIA mostly occur as irregular shapes without straight edges, due to the spatial resolution of the Pléiades image and the segmentation process. In order to provide buildings with more standardized geometries for use in urban planning and cartographic illustrations, the outlines were automatically generalized to reduce geometric artifacts and to create more regular and angular shapes [15] . The Shape Index (SI) was utilized to identify and remove artefacts [16] . The dataset was also corrected for topology and plausibility.
In some cases, the spectral properties of rusty corrugated metal roofs were similar to the surrounding open soil and dusty roads. The segmentation and classification in the OBIA processing was therefore erroneous. In addition, light and shadow effects of complex roof structures often resulted in several segments where one would have been correct. A laborious visual inspection of
The building outlines detected with OBIA mostly occur as irregular shapes without straight edges, due to the spatial resolution of the Pléiades image and the segmentation process. In order to provide buildings with more standardized geometries for use in urban planning and cartographic illustrations, the outlines were automatically generalized to reduce geometric artifacts and to create more regular and angular shapes [15] . The Shape Index (SI) was utilized to identify and remove artefacts [16] . The dataset was also corrected for topology and plausibility.
In some cases, the spectral properties of rusty corrugated metal roofs were similar to the surrounding open soil and dusty roads. The segmentation and classification in the OBIA processing was therefore erroneous. In addition, light and shadow effects of complex roof structures often resulted in several segments where one would have been correct. A laborious visual inspection of the intermediate results (object geometries and classification) was conducted and a manual correction applied where appropriate. A manual correction of the delineations and exact geometries of the modelled "Basic" buildings using the LUT was not applied.
A mapping of the change between the aerial images of 2008-2009 and the Pléiades 2015 analysis was then conducted manually. The reason for this is that the aerial images do not provide spectral information in the infrared domain, and color adjustments by the initial data provider lowered the radiometric resolution, resulting in the automated identification of buildings and type changes having insufficient accuracy. For the manual revision, the aerial images were overlaid with the 2015 results and then revised for the existence of buildings and the change of geometries. In addition, the type of change between the periods was also recorded in this process (see Table 3 ). Table 3 . Description of change types.
Change Code
Type of Change 
Building Heights
A Digital Surface Model (DSM) was derived from the tri-stereoscopic Pléiades data using the approach described in [17] . As dense matching requires a relative orientation at sub-pixel level, bundle block adjustment was used estimate RPC (rational polynomial coefficient) bias corrections for each Pleiades image. Pairwise dense image matching was performed using Semi-Global Matching (SGM), producing a point cloud for each of the three stereo pairs. The point clouds were reprojected into a digital surface model with a grid spacing of 0.5 m and merged using pixel-wise median. After removing small, inconsistent regions, remaining no-data areas caused by occlusions and dark shadows were filled by propagating the ground height. A digital terrain model (DTM) was generated from the DSM using an adapted version of the method reported in [18] , which analyzes height steps and slopes along multi-directional trajectories at each DSM pixel. Holes in the DTM were closed using interpolation, and a normalized DSM (nDSM) was generated for obtaining relative heights (DSM minus DTM).
It was straightforward to determine building heights for objects in flat areas (such as the CBD). For other areas, Kigali's concave and convex slopes, as well as high building density in some areas, presented a challenging setting for stereoscopic analyses and resulted in positive and negative variances. A building class-dependent approach was chosen to assign building heights to the respective footprints of 2015. The mean value of the nDSM of each object was derived, which had lower deviations than the median or maximum value. In case the value exceeded the minimum or maximum threshold of the reference data (see Table 1 ), the height of the building was assigned to the respective threshold. Table 4 illustrates the basic statistics of the resulting spatial datasets. The "Basic" building type is predominant; the area of buildings of this type increased by 20.5% between 2008-2009 and 2015 . However, the number of higher value type buildings such as "Bungalow" and "Villa" increased by a higher percentage. The number of construction sites that could be identified from remote sensing dropped by 58.5%. The total number of buildings, as well as the total built-up area in the study area, increased by 27.7% and 27.8% respectively. Exemplary illustrations of the building typology for the CBD of Kigali are provided in Supplementary Materials File2. 
Data Description
Basic Statistics on the Dataset
Accuracy Assessment and Known Limitations
As explained in the Methods section, the number and the geometries of a large proportion of "Basic" buildings is the result of a modelling approach based on the statistics of manually digitized building footprints. The geometries of all buildings result from the combination of OBIA segments, automatic generalization, and eventual manual revision or complete manual digitizing. The geometries are therefore only an approximation of the real-world building footprints.
Using the reference information of the field campaigns, an accuracy assessment of the building type classification of 2015 was applied. It shows that, on the one hand, a high overall accuracy could be achieved, but on the other hand, even with an extensive manual revision of the dataset, there are differences between on-the-ground validation and remote sensing image interpretation (Table 5 ). An accuracy assessment was also conducted for the adjusted building heights (in the knowledge that the heights were adjusted by thresholds derived of the reference dataset). The analysis gives some background on the derivations that have to be expected with the dataset (Table 6 ). 
Private Data Protection
The dataset does not contain any non-anonymous data collected during the field reference campaigns. The attributes are purely a result of the geospatial analyses described in the Methods section. A precise cadastral dataset was used to intersect and split large buildings situated on more than one parcel. However, the data user cannot be certain of the original plot geometries since subsequent automatic generalisation of the building geometries altered the extent and outlines of the building footprints.
Data Type
The spatial dataset named EO4Kigali.shp is an ESRI polygon Shapefile (*.shp), which can be read by common Geoinformation Systems (GIS). A Shapefile stores the geometry and attributes of spatial features [19] . Attributes are held in a dBASE ® format file. The dataset is projected in WGS 84/UTM zone 36S (EPSG: 32736). The shapefile comes with a Layer file (*.lyr) that provides an optional symbology for ESRI ArcGIS software packages, a Styled Layer Descriptor (*.sld) that provides an optional symbology for other GIS tools, as well as a QGIS metadata file (*.qmd).
Data Structure
The 2008-2009 and the 2015 information on the building stock, as well as the change information is stored in a single Shapefile. Table 7 shows the structure and coding of the attribute table. Table 3 
User Notes
In this section, the authors give some recommendations for working with the dataset. The number and the geometries of a large part of the "Basic" buildings is the result of a modelling approach informed by the descriptive statistics derived for the sample of manually digitized building footprints. Therefore, the authors advise against reliance on the numbers of the "Basic" building class as more than estimates but to utilize the area statistics for more reliable statistical analyses.
